Speed perception is an important task performed by our visual system in various daily life tasks.
Introduction 1
Visual motion perception plays an important role a wide range of tasks in an organism's life, 2 such as navigation or evading predators. The neural circuitry for motion perception can differ 3 depending on the requirements. For example, simple but fast motion processing is important for 4 a fly to evade a predator. ( Particularly intriguing aspect of these speed tuned neurons in the primate MT region is that they 11 are somewhat invariant to the spatial frequency of the stimuli, allowing for finer speed 12 estimation. This is especially important given the wide band of spatiotemporal frequencies 13 received by our visual system. 14 Speed estimation in visual motion depends upon the spatial and temporal frequency of 15 the stimulus. In a simple example involving horizontally moving sinewave grating shown in 16 Figure 4 , the speed of motion is the ratio of temporal frequency and the spatial frequency. A 17 speed tuned neuron thus has an oriented receptive field stretching over a range of spatial and 18 temporal frequencies, with the slope defining the speed at which the neuron with fire. (Perrone 19 and Thiele, 2001; Simoncelli and Heeger, 2001) Higher speed leads to an increase in the slope 20 of the orientation of the receptive field, which means that the range of spatial frequencies at 21 which higher speeds can be perceived is narrowed, with a shift towards lower frequency band 22 psychophysical studies that measured motion perception thresholds, indicating a strong bias of 24 the visual system toward low frequencies when perceiving higher speed motion. In other words, 25
we can hypothesize that low frequencies are important in perception of higher speed motion.
Studies involving blurred stimuli (no high frequency components) or people with low vision 27
(people with reduced visual acuity that impairs their ability to perceive high frequency 28 components) provide further indication of the importance of low frequency channels in motion 29
perception. 30
Motion is a strong cue that allows extraction of valuable scene information, even when 31 other visual cues corresponding to higher frequency components are not available: normally 32 sighted subjects could not recognize events in natural scenes when presented with randomly 33 picked highly blurred frames, but were able to identify events when presented as a continuous 34 video stream. (Pan and Bingham, 2013) Similarly, subjects fitted with blur glasses simulating low 35 visual acuity were able to correctly determine contents of video clips, just like those viewing 36 contents without blur glasses. (Saunders et al., 2014) Studies measuring motion perception 37 threshold using artificial stimuli showed that low vision only degraded the capability to perceive 38 very slow motions (below 2 cycles/degree), and there was no significant difference in perception 39 of faster motion in individuals with small to moderate VA loss compared to normally sighted 40 subjects. ( 
Methods 60
An overview of our methods for this work is shown in Figure 1 . First, we generated motion 61 sequences by translating different natural and stochastic images with known speed (Figure 2) . 62
Next, we filtered these sequences to simulate effects of different vision conditions: low-vision or 63 loss of visual acuities at different levels using low pass filters with different cut-off frequencies 64 and complementary vision conditions (hypothetical) using high pass filters (Figure 3) . 65
Spatiotemporally white noise was added to the sequences before the vision condition filtering, to 66 simulate external (physical world) noise. Finally, we applied the biological motion perception 67 model ( Figures 1, 4 and 5) to estimate the speed of motion in these sequences (a variant of the 68 one described in (Shi and Luo, 2016) 
82
Generation of motion sequences. To generate motion sequences of natural scenes, we used 83
Google image search engine with keywords like natural scenes, urban scenes, rural scenes, 84 street blocks, buildings, railways, beaches and so on, and randomly picked 30 high resolution 85 images out of the search results (Figure 2 ). These natural images were then down-sampled 86 (with anti-aliasing processing) to 900 × 600 grayscale pixels to ensure that they contained 87 sufficient high frequency components for simulating the 20/20 normal vision. To simulate the 88 inherently continuous physical world, we set a high view-field resolution of 120 pixel/° on these 89 images so that each such 900 × 600 image corresponded to a field-of-view of (900/120) × 90 (600/120) = 7.5° × 5° in the physical world. To compare with low spatial frequency dominated 91 natural images, we also generated 10 additional binary stochastic images of the same 92 resolution in which each pixel was randomly assigned as either 0 (dark) or 1 (white) with equal 93 probabilities. The spatial frequency spectrums of these stochastic images were nearly flat from 94 low to high frequencies. 95
We generated motion sequences from the above 40 images by horizontally shifting them in 96 a cyclic manner (the part shifted out on one side was to be shifted in on the other side). For 97 each image, we generated 5 motion sequences with different speeds: 0.1, 1, 5, 15 and 30 °/s. 98
The time duration of each sequence was set to 2Δt = 0.2s, exactly covering the length of 99 temporal filters employed in the biological motion perception model, as will be introduced later. 100 Therefore, the estimated speed for a sequence was actually for the central time instant t 0 = 0.1s 101 (see Figure 1 ). Since the speed did not change over time and the image contents did not 102 change despite the shift, the estimated motion at any frame was representative of the motion 103 perception for the entire sequence. Thus, the need for using longer motion duration time for 104 motion estimation was obviated. 
107
stochastic images (n = 10) were used for generating the motion sequences.
108
Simulation of vision conditions. By filtering the motion sequences in different manner, we 109 error in motion perception compared to the ground truth. We performed repeated measures 239 anova to determine the within-subject effects of different speeds and vision conditions on speedestimation error for a given type of image sequence, and between subject effects of sequence 241 type (each image sequence can be considered to be a subject). The relative speed estimation 242 errors were inverted for natural sequences to ensure normality of the data; the data for 243 stochastic sequences were normal (normality tested using Shapiro-Wilks test). Non parametric 244 testing method was used for comparing the speed estimation error for natural and stochastic 245 sequences (2 sample Kolmogorov-Smirnov test). Statistical analysis was performed using IBM-246
SPSS. 247

Results 248
The raw motion energy distributions over spatial frequencies in natural sequences for different 249 speeds in normal vision condition are highly skewed toward low spatial frequencies (Figure 7a) . There is a discernable effect of speed on the motion energy distributions, as higher speeds lead 275 to a higher concentration of motion energy in the lower frequency region in both natural and 276 stochastic sequences (Figure 7g ). Since 3 cpd was the lowest cutoff frequency for simulation of 277 low vision conditions, the fraction of motion energy at or below 3 cpd was used as a way to 278 quantify the effect of speed on motion energy distributions. Predictably for the 20/200 vision 279 condition with 3 cpd cutoff frequency, the motion energy fraction at 3cpd is already at 99% at 280 0.1°\s. In natural sequences for normal vision and 20/50 condition, the fraction of motion energy 281 ≤ 3cpd at 0.1°/s speed is at 51% and 68%, respectively. As the speed increases, this amount 282 increases close to about 100% at 30°/s. The same effect is also seen in stochastic sequences. 283
However, the motion energy fraction ≤ 3 cpd for 0.1°/s is a lot lower in stochastic sequences 284 compared to natural sequences (5% and 18% for 20/20 and 20/50 condition for stochastic, 285 whereas 51 and 68% for the same in natural sequences), before increasing to close to 100% at 286 30°/s. There is also a noticeable interaction of vision conditions and speed on the motion energy 287 distribution within natural and stochastic sequences: lower visual acuity leads to less steeper 288 increase in motion energy fraction ≤ 3 cpd for higher speeds. This is again expected, since more 289 motion energy is concentrated in lower frequency regions for low vision conditions to begin with. 
335
Discussion 336
We have presented an analytical model based on motion energy to examine the relationship 337 between motion perception and spatial frequency. Direct speed estimation is one of the main 338 features of our models, providing a more objective way of determining motion perception 339 sensitivity compared to motion perception based psychophysical thresholds, as done in 340 previous human subject studies. By simulating different vision conditions, we explored the 341 causal relationships between motion perception accuracy and spatial frequency in naturalimages. Overall, our results show the dominant role played by low spatial frequency 343 components in motion perception that largely agree with a wide variety of previous research in 344 motion psychophysics and primate neurobiology. 345
Spatial frequency and motion perception 346
In this work we simulated three broad categories Together, these suggest that low frequency components are key for motion perception. 353
Specifically, perception of motion at higher speeds requires lower spatial frequencies, as seen 354 in the biasing of motion energy curves toward low frequency bands for higher speeds in Figure  355 7. This is consistent with the findings previously reported in different forms and contexts in a 356 number of studies over a span of about three decades. 357
In many psychophysical studies, increasing speeds led to a shift or biasing of the response 358 toward low frequencies. Vernier acuity thresholds were shown to reduce with increasing spatial 359 frequencies of the stimulus presented at different speeds. (Chung et al., 1996; Levi, 1996 ; 360
Mechler and Victor, 2000) For a given spatial frequency value, the Vernier thresholds were 361
shown to have a characteristics relationship with velocities: thresholds remained constant for a 362 range of velocities before decreasing linearly at a velocity value known as the "knee point" of the 363 curve. This "knee point" shifted toward lower spatial frequencies with increasing velocities, 364
indicating the inability to perceive high frequency components at higher speeds. Despite the underlying methodological differences, collectively, these previous studies show 389 the relatively reduced role of higher frequencies and an increased role of low frequencies in 390 motion perception with higher motion speeds. It should be noted that many of the above studies 391 reported motion perception by human observers in terms of psychometric thresholds or 392 detection rates. (Ramachandran et al., 1983; Gilden et al., 1990; Wichmann and Henning, 1998 ; 393 estimation of perceived speeds and thus our evaluation consisted of speed estimation errors for 395 a large range of motion speeds. Direct speed estimation for slow and fast motion is more 396 relevant for real world tasks such as driving or walking, where we need to see not only what is 397 moving but also estimate the speeds in order to avoid collisions or plan an appropriate path for 398
navigation. 399
While we have shown that our simulation results of the motion perception model are 400 consistent with the previous work, the question remains: why high frequency information is 401 irrelevant in motion perception? A straightforward explanation is embedded in the relationship of 402 spatial frequency, temporal frequency, and speed (as shown in Figure 1 ). For a given temporal 403 frequency, the speed is inversely proportional to the spatial frequency. At high speeds and high 404 spatial frequencies, the limit of temporal frequency is reached. (Nakayama, 1990) This was 405 explained in terms of spatiotemporal motion energy units. (Yang and Stevenson, 1997 ) 406
Considering the spatiotemporal motion detector field with spatial frequency on x axis and 407 temporal frequency on the y axis, the slope represents the speed of detected motion. Now, for 408 any given spatial and temporal frequency pair, there is an upper bound on the slope i.e., the 409 speed that can be perceived, and this upper bound reduces (largest speed that can be 410 perceived becomes smaller) when spatial frequency is reduced while keeping temporal 411 frequency constant. Thus, for mid to higher speed range (above 1 °/s) the role of higher spatial 412 frequencies will be progressively reduced and their elimination will not lead to motion perception 413 deficits for larger motion speeds. 414
Motion perception and low vision 415
We hypothesized that loss of visual acuity may not result in significant motion perception deficits 416 based on the following rationale: i) loss of visual acuity generally corresponds to the inability to 417 perceive high frequency components and ii) high frequency components do not play a key role 418 in motion perception compared to low frequency components (as discussed above). Evaluation showed that motion detection thresholds in low vision subjects were similar to normally sighted 432 subjects for speeds > 2 degrees/second for foveal viewing. characterize it with a single metric. We believe that, in order to understand visually impaired 457 people's performance for real world tasks, both static (object) vision such as VA and CS and 458 motion perception need to be taken into consideration. 459
Natural images vs. artificial stimuli 460
One of the key differences in our analysis compared to the vast majority of previous motion 461 perception studies was the use of natural motion sequences. Importance of using natural stimuli 462 as opposed to artificial stimuli in understanding vision has been noted recently. perception, the choice of stimuli can affect the outcomes. Main reason for this is that the spatial 465 frequency distribution in the natural images tends to be different than artificial stimuli, which can 466 be critical when studying motion perception related to real world tasks. Spectrums of natural 467 images are typically broadband, but dominated by low frequency components,(van der Schaff 468 and van Hateren, 1996) whereas artificial stimuli used in previous studies are often narrow 469 band, e.g. Gabor patches, or flat band, e.g. random dots. Although they are related, we should 470 point out that motion energy is not equivalent to the power spectrum of an image. While spectral 471 signatures were found to be different in different categories of natural images such as naturelandscape and urban scenes, (Torralba and Oliva, 2003) there was little difference in motion 473 energy distribution in these images in our experiments. 474
Using stochastic sequences, we demonstrate how the presence of a relatively flat spatial 475 frequency distribution that was very much unlike the natural images can affect motion 476
perception. An interesting finding is that normal vision produced larger errors at high speeds 477 (15, 30 °/sec) than the low vision conditions (20/50 and 20/200) (Figure 8c ). This can be 478 explained by the low signal-to-noise ratio (SNR) of stochastic sequences. 479
As we showed above, speed estimation for fast motion is highly reliant on the motion energy 480 extracted from low spatial frequency bands. For stochastic sequences with added noise, the 481 SNR in the low frequency band was much lower compared to the natural sequences, which led 482 
Limitations 491
The simulations of low-vision conditions used for evaluation in this work have some limitations. 492 First, extremely low visual acuities (below 20/200) were not simulated as they required a very 493 high spatiotemporal resolutions and large filter sizes in order to satisfy the Nyquist rate. At very 494 low spatial frequencies, we expect motion sensitivity be impaired for slow speeds, (Yang and 495 Stevenson, 1997) which means that people with very low visual acuities will not be able to 496 perceive slow motion speeds. Due to the limits of the Nyquist sampling rate, we were not able tosimulate ultra-low visual acuity cases to try and reproduce this result (our spatial frequencies 498 were limited to 0.6 cpd, whereas Yang & Stevenson went as low as 0.25 cpd). 499
Another limitation of the simulation framework relates to the assumption that low vision 500 conditions correspond to inability to perceive higher frequencies. As described earlier, in real 501 world, low vision corresponds to a variety of conditions where the perception of a very wide 502 range of spatial frequencies can be impaired in a non-uniform manner. 
